ABSTRACT The blood assignment problem is an important real-world optimization problem because of the continuous demand for blood transfusion during medical emergencies. The formulation of this problem stretches from managing critical blood shortage levels and blood unit expiration, to blood compatibility between donor and patients. Another contributing factor to the blood assignment problem lies in the blood bank having to import additional blood units from external sources when supply cannot meet the demand. These challenges have serious consequences especially in the case where the demand for the blood is very high. Therefore, there is the need to minimize blood product wastage with regards to expiration and importation, whilst maximizing product delivery to patients in need. To solve this problem, existing studies used fixed percentage bounds to generate values for demand and supply of whole blood units. However, in this paper, a different approach is considered when generating such values, which involves allocating a unique percentage bound to each month. The bounds conform to statistics taken from South African social behavior with the attempt at generating values which mimic real-life monthly demand and supply of whole blood units. Furthermore, this study implements a hybrid metaheuristic algorithm that combines symbiotic organisms search algorithm with the blood assignment policy in relation to the blood banks of South Africa to effectively minimize the operational costs of the blood transfusion centers. The computational results indicate that the proposed algorithm performed quite satisfactorily from the computational time, stock-piling, and low importation level points of view.
I. INTRODUCTION
Human blood inventory management is characterized by a string of factors which can prove to be complicated over time [1] . Blood products are usually received from voluntary donors; these products are then stored under ideal conditions for usage in the future. Blood is comprised of four components, namely, red blood cells (RBC), white blood cells (WBC), and platelets (PLT) which are immersed in a matrix of plasma. These blood components can be harvested from a single donation and be used for different medical cases [2] . The following study focuses on whole blood (WB) units which relates to all components of blood. In accordance to the ABO blood system (system which classifies blood based on the properties of red blood cells) [3] , there are four different blood groups namely A, B, AB and O. Each of these blood types has a Rhesus value (Rh) which can either be positive (+) or negative (-). The introduction of the Rh value doubles the number of blood groups among humans resulting to eight different blood types. These blood groups are significant with regards to storage and distribution as mixing incompatible blood types can lead to blood clumping (also known as agglutination), which can be life threatening for patients [4] .
The demand for WB units can be exemplified using the following two main scenarios. The first scenario involves a predetermined event such as a typical surgery which could be scheduled days before in the case of hospital admission. The scheduling process allows for sufficient WB units to be set aside (or imported if there is an insufficient amount available in the blood bank). The second scenario relates to the demand for WB units that cannot be foreseen or that was not initially planned for as in the case of medical emergencies such as road accidents or natural disasters. This scenario can further be demonstrated by an individual who is exposed to sudden onsets of trauma and is in need of immediate attention or WB unit's transfusion. Blood preservation for onset supply in the case of unexpected demand can be a daunting task because the blood product is considered a perishable commodity due to its limited shelf life [5] - [8] , coupled with the complexity of blood compatibility and the stochastic nature of daily blood demand and supply [9] - [11] . Therefore, it is necessary to devise more efficient and effective ways in which blood products can be stored and assigned to individuals in need.
The Blood assignment problem (BAP) is an optimization task, which tries to efficiently assign WB units to patients whilst trying to minimize the amount of importation and expiry within the blood bank. The BAP is said to be an NP-hard problem which is very difficult to solve as it involves multiple constraints, which are associated with blood compatibility issues and the stochastic nature of the daily demands for it [12] . The BAP consists of many components which become difficult to mathematically model. Such components involve dealing with inadequate supply to meet daily demand, importing additional units, cross-matching blood, and expiring WB units once a unit has exceeded its shelf-life. It must be remembered that blood products must be voluntarily donated to blood banks, therefore there are no constant levels of supply, whilst demand for WB units occurs every day. The BAP is therefore studied with the effort to develop an adequate model which utilizes WB units more efficiently and achieves its objective function.
Research relating to the BAP is relatively scarce and only a handful of related literature exists [5] - [11] . However, the few studies which were conducted under the BAP as an optimization problem generally follow similar scope of applying existing metaheuristic algorithms to solve the problem at hand [3] , [12] , [13] . In this study, five different well-known nature inspired metaheuristic algorithms as well as a robust blood bank assignment policy are implemented to solve the BAP with the main goal of reducing cost and time of blood component distributions. In addition, the proposed blood assignment method generally seeks to minimize wastage of blood products by efficiently assigning blood to patients and preserving blood stock pile by allocating available blood to different blood types. A report conducted in Estonia, reviewed the various techniques and aspects of blood donations, and the costs associated with these methods [14] . This study ignores any specific costs related to blood storage and management, as by minimizing the objective function the blood bank would be deemed as optimal with regard to expenditure and usage of resources.
A number of (meta) heuristic based algorithmic strategies have been proposed in the quest for finding near-optimum solutions to the inventory blood assignment problem, among these algorithms include Hill climbing (HC) [37] , [38] , Simulated annealing (SA) [37] , [38] , Genetic algorithm (GA) [3] , [36] , Tabu search (TS) [39] , Particle swarm optimization (PSO) [12] , Greedy Randomized Adaptive Search Procedure (GRASP) [13] and Symbiotic organisms search (SOS) algorithm [31] , [38] . All the algorithms listed here draw their inspiration from nature, through the observation of physical processes that occur in nature. They are implemented by mimicking different natural systems and processes using mathematical models and algorithms. However, aside GA and PSO, none of the aforementioned heuristic methods have a proven track record of finding good near-optimum solutions for complex realworld problems in the domain of combinatorial optimization. In addition, all the existing implementation for the BAP using HC, SA, GA and PSO were evaluated based on a randomly generated dataset, due to the non-availability of real-world datasets from the blood bank system. However, even though this study adopts a similar dataset generation approach, a more robust and balanced stochastic method which mimics instances of real-world scenarios that go on in a typical blood bank system was incorporated.
In this paper, the possibility of improving the recently proposed symbiotic organisms search (SOS) algorithm with an efficient blood assignment model to solve the BAP is investigated in this paper. The symbiotic organisms search algorithm was first introduced in [31] to solve complex structural engineering design optimization problems. The algorithm is inspired by the symbiotic relationships strategies, which exist among organisms in the ecosystem. SOS is capable of providing an efficient and robust approach in exploiting and exploring large search space. More so, it has been employed to optimize a number of combinatorial optimization problems and has proved to be an efficient performer in that aspect [30] , [41] , [42] , [43] , [44] . Therefore, the potential of SOS in finding good quality solutions to most real-world optimization problems makes it attractive for further investigation. In addition, SOS has not gained wide recognition in solving inventory problems and it has not been attempted on the blood assignment problem. This restriction can be considered as the main motivation for introducing the algorithm to solve such a complex discrete optimization problem like the BAP. Furthermore, the technical contributions of this paper are outlined as follows:
• Implementation of an improved SOS algorithm for solving the BAP.
• Hybridization of the SOS algorithm with a dynamic blood assignment heuristic model.
• Stochastic generation of datasets values that mimic real-life monthly demand and supply of WB units. Existing work used fixed percentage bounds to generate values for demand and supply of whole blood units. However, in this paper a different approach is used when generating such values, by allocating a unique percentage bound to each month. The bounds conform to statistics taken from South African social behaviour with the attempt at generating values which mimic real-life monthly demand and supply of whole blood units. The remainder of this paper is organized as follows: Section II present a review of some of the existing literature on BAP. Section III presents the BAP problem description and formulation, the proposed SOS algorithm and the new BAP assignment policy. Section IV elaborates on the datasets generation and experimental configuration, while Section V presents discussions of overall results and performance comparisons among different methods. Finally, concluding remarks and future directions are presented in Section VI.
II. RELATED WORK
Studies conducted in the BAP topic have used different approaches and metaheuristics to try and optimize the assignment of blood. The transfusion of blood or blood related products is a daily activity which occurs in most hospitals and clinics around the world. The complexity associated with the understanding of blood compatibility and transfusion using any blood type, often result in blood clumping and other negative side effects upon the patient. Antigens A and B for blood types where discovered in 1927, later type O was established resulting in the widely known ABO blood group system [15] . Bas [16] analysed another aspect of the blood banking system which focused on the donating process of blood. The study looked into donors, collection and screening of acquired blood units as well as finding a way of supplying adequate blood units to transfusion centres. A unique implementation was conducted by [17] , who developed a web-based application for managing the information of blood donors and blood stock. Charpin [18] introduced a linear model for the blood management problem, which incorporated a dynamic environment of blood products entering and exiting the system on a daily basis. The model also takes into account blood compatibility issues, and tries to find the best solution by attempting to match the supply of blood to its daily demand. Many factors contribute towards the assignment of blood to patients, some of which includes request time, urgency for the request, compatibility of blood types and the quantity of blood required [19] . The management of blood can therefore be considered as a very diverse topic with different areas of consideration. Table 1 represents the compatible blood types, while ''YES'' indicates that a blood type is compatible and ''NO'' implies that a blood type is not compatible. The BAP has generated unique potential solutions which take into account external factors that contribute towards the assignment of blood. As such, similar research topics relating to blood inventory have been conducted. In Kaveh's [20] , study of the blood banking supply chain allocation problem was considered. In this existing work, the metaheuristic optimization technique and graph partitioning were used to minimize the total distance between blood bank(s) and hospitals. The computational experiment from [21] showed interesting results with regards to optimal points of view and computational time. Another study that dealt with blood bank assignment problems was a study conducted by Sahin [22] , who implemented several mathematical models to solve the location-allocation decision problems for blood banking services. In [16] , real-world benchmark datasets were used and the computational results showed that the proposed method was able to achieve successful results in resolving the management difficulties. Similarly, Sapountiz [23] incorporated a probability distribution by considering characteristics such as the management of the hospital, rules and regulations within the blood bank, and organising blood according to the doctor's preference to address the same BAP.
In recent years, studies conducted for the BAP by [3] , [12] , and [13] followed the same assignment patterns in terms of proposing optimization models for the blood assignment problem. The usage of a Multiple Knapsack model enabled cross-matching blood between compatible blood types, along with the bottom-up technique to pull additional units of blood from compatible blood types. In [3] , the implementation of multiple adaptations of a GA approach which included Genetic Algorithm (GA), Adaptive Genetic Algorithm (AGA), Simulated Annealing Genetic Algorithm (SAGA), Adaptive Simulated Annealing Genetic Algorithm (ASAGA) as well as Hill Climbing (HC) Algorithm were considered. Results from the study showed that all the implementations successfully achieved optimal fitness, with HC performing the best. The study conducted in [6] implemented two local search methods namely GRASP and dynamic programming and generated supply for a day by adding the previous day's remainder to the donations received in the day. The results showed that GRASP imports O + and O − blood quite heavily within the first 50 days before eventually levelling out, whilst dynamic programming handles the event of demand exceeding supply more efficiently.
The method implemented in this study tries to reduce the randomness when generating datasets. Studies conducted by [3] , [12] , and [13] used fixed percentage bounds to generate values for demand and supply. However, the current study presented in this paper considered a different approach when generating such values, by allocating a unique percentage bound to each month. The bounds conform to statistics taken from South African social behaviour [26] with the attempt of generating values which mimic real-life monthly demand and supply for WB units. To confront the problem at hand, this paper implements a modified SOS global optimisation algorithm and a robust blood banking policy which tries to satisfy the main objective function of the BAP of minimising blood product wastage. What follows next, is the background representation of the study area. VOLUME 7, 2019 A. THE SOUTH AFRICAN POPULATION South Africa is known for its variety of cultures and race groups. Race refers to the ethnicity of an individual, there exists four common races in South Africa, Black African, White, Indian/Asian, and Coloured, with approximately 41 million citizens currently living in South Africa [24] . The Pie chart shown in Figure 1 indicates the current percentage of races within the population. HIV and AIDS is a growing epidemic, with the virus attacking an individual's immune system [25] , there is currently no cure for this virus. In South Africa an estimated 7 million people are currently affected with HIV, with an annual death toll of around 180 000 people and an estimated 64% of the infected individuals being of Black decent. Therefore, this further justifies the screening process of blood for any blood related diseases and pathogens before it reaches its recipient. Due to the variety of cultures in South Africa, the country also experiences a number of different public holidays. These holidays are derived from a variety of events, some of which are issued to honour the past of South African history, whilst others are culturally based. In addition to public holidays, educational facilities such as schools and tertiary institutes take mid-term breaks. The importance of these dates relates to the social behaviour aspect that will be represented in the BAP model. In theory, individuals indulge in more dangerous activities during months with more breaks and public holidays, therefore leading to an increase in demand for blood and blood products. Below is Table 2 , which display the proportion of blood types found within the South African population.
TABLE 2.
Illustrates the proportion of blood types found in the South African Population adapted from [12] .
B. PROBLEM DESCRIPTION
The demand for blood in a day must be met. If the demand exceeds the current supply at hand, then the blood bank must then import additional units from external sources in order to fulfil the requests. Each day the blood bank receives WB units in the form of voluntary blood donations. The new supply of blood is then added to the existing supply (any units remaining from the previous day) of blood at hand, the new blood units enter a queuing system with the newer units being placed at the end of the queue. The purpose of the queuing technique allows for the oldest WB units to be used first which in turn minimises possible expiration of blood units. The total supply at the start of the day equates to the sum of the remainder from the previous day plus the total amount of donations received at the start of the current day, any donations received during the day will be stored and used for the next day (this amount ties in with the remainder value). Any units that exceed their shelf life are discarded from the blood bank. Typically, a patient should receive their own blood type during transfusion, however if there is an inadequate supply of that specific blood type, this would then result in using compatible blood types. Before blood is pulled from other compatible blood groups, each blood type must fulfil all the blood type requests for the day, if there are any remaining units after fulfilling such requests only then can it be distributed to other blood compatible groups. Overall the BAP can be summarized into 4 major components
• Supply: Relates to the current stock of WB units on hand at any given moment.
• Demand: Relates to both planned and unplanned requests for WB units.
• Importation: Additional WB units are imported when demand exceeds supply for a day
• Expiring: WB units that have exceeded their shelf life are destroyed. Due to the plethora of external factors which constrains the BAP, certain assumptions had to be introduced in order to formulate the required mathematical model that would be adequate for the problem at hand. These assumptions are as follows:
• The blood bank has an infinite supply of capital, and storage space. The external sources (for importing WB units) also have a limitless supply.
• The time frame will be conducted over 365 days, with day 1 receiving no carryover of WB units from the previous day.
• Validity of blood will be set at 30 days, used in the study conducted by [12] .
• All blood types will first fulfil requests associated with their blood types, from there the remainder from each blood group can contribute to other compatible blood types. In Figure 2 , the flow diagram represents the daily process that occurs within the blood bank as modelled in the current study, with each block representing the various potential activities that can be expected in the BAP.
As mentioned previously, the demand and supply for WB units follows a stochastic trend. In an ideal day, the supply for each blood type would meet the exact demand level which in turn eliminates importation from additional units, as well as carrying over excess stock which opens the supply to possible expiry. Therefore, the SOS algorithm is implemented using randomly generated demand and supply datasets that are based on the South African social trends, with the objective of finding the best possible solution for the day. There are four aspects which are combined to offer efficient solution to the BAP, and consequently provide an optimal WB unit VOLUME 7, 2019 assignment schedule in relation to demand. The four components include the global optimisation implementations, the blood compatibility process, expiry of old WB units, and importation of additional WB units when demand exceeds supply for a day.
III. MODEL FORMULATION
The blood bank model in this section tries to minimize the combination of both importation and expiration of a finite time period. In addition, the BAP implements mathematical techniques for generating demand and supply which pertains to each blood type. By minimizing the objective function, the blood bank will incur lower expenses and utilise blood units more efficiently. The mathematical model formulation of the BAP is represented as follows: Objective function
where:
Demand constraint
Supply constraints
Importation constraints
Expiration constraints
where 1 ≤ d ≤ 365 Non-negativity constraints 1: Describes the objective function, which is to minimize the combination of expiry and importation within a finite time frame.
2: Total amount of blood importation for all the blood types in the blood bank.
3: Total amount of blood expiration recorded for each blood type in the blood bank.
4: Demand for the day must be less than or equal to the volume of WB units available for all the blood types.
5: Remaining blood units equates to the supply minus demand, when supply exceeds demand.
6: Obtain the initial day's blood unit supply by means of adding the remaining blood units from the previous day to the new stock for all blood types.
7: When demand exceeds supply for a certain blood type. Import additional blood units.
8: If the sum of the demand over 30 days is less than the supply on (day -30).
9: Expiration equates to the supply on day-30 minus the sum of the demand over 30 days.
As mentioned previously, the BAP is constructed with various components which contribute towards its complexity. These components include blood compatibility, dealing with the stochastic nature of demand and supply, and WB unit expiration. In order to work the BAP, multiple hard constraints were introduced (equations 4-10), which focused on the components of the BAP.
• The minimum level of WB units within the blood bank at the start of a new day cannot be 0.
• The demand for WB units must be satisfied on a daily basis, either by utilising current stock, compatible WB units, or importing from external sources.
• The cumulative supply during the allotted time frame may exceed the initial blood volume. The blood bank is assumed to have an infinite storage capacity.
• If the demand exceeds supply for a given day, then remaining WB units from compatible blood types must be utilized to meet the demand. If the demand still exceeds the supply, then additional WB units must be imported.
• The WB units within the blood bank must not exceed the 30 days shelf-life. Therefore, the queueing system was implemented. Any expired WB units are removed from storage.
• When pulling extra WB units from compatible blood types, the act of pulling must be conducted in descending order. In other words, WB units from a blood type with a higher proportion must be utilized first before moving onto the next highest proportion.
In order for the model to function, the First-in First-out (FIFO) policy, demand (D) and supply (S) generation, as well as the importation (I) and expiration (E) conditions had to be implemented over the finite period (t). The non-negativity constraint (equation 10) forces the levels for both importation and expiration to be non-negative discrete values. Low values for the Remaining (R) WB units; importation and expiration are good indications of a near optimal blood banking system.
A. DEMAND AND SUPPLY GENERATION
Due to confidentiality issues, it was not possible to use datasets from hospitals/clinics in this study. In order to test each implementation, values for both demand and supply had to be randomly generated. In order to generate more accurate values, this study incorporated South African social trends based on monthly statistics. Ideally the most adequate statistics would be related to monthly usage of blood products in the country, however these statistics could not be found.
Instead this study will incorporate monthly holidays as well as school terms and breaks from other educational institutions. The ideology behind this method tries to show that the demand for blood has trends associated with a specific month, for example, demand would be expected to have a higher value in a month like December due to many people being off from work, school and other institutions, as well as the rise of dangerous events such as drinking and driving and criminal activities. Reports have shown that South Africa experiences an increase in the amount of drunk driving levels during Easter [26] , therefore blood banks tend to stock-pile blood products for precautionary measures. Taking this and other social trends into account, it is possible to allocate each month with a specified percentage range for generating a value for demand. There were no significant events apart from occasional blood drives for generating values for supply, therefore the supply bounds will be set between 25%-75%. Using Tables 3 and 4 presented above, it is now possible to link each month with a unique percentage bound, as shown in Table 5 blow.
Using the percentage bounds in Table 5 , it is now possible to generate demand, as well as supply using equation 11. Bu : Represent the upper percentage bound Bl : Represent the lower percentage bound From equation 11, the supply or demand is generated by randomly selecting a percent between the upper and lower bounds depending on the month the system is currently in (this is established in accordance to the current day). This is then multiplied by the initial volume in a blood bank which generates a value for supply or demand. Once a value has been generated, the value is then split into eight sub values in accordance to Table 2 , this accurately represents the quantity in accordance to blood proportion in the South African population.
B. BLOOD SUPPLY STOCKING
Updating stock of WB units has two components. Component 1 relates to daily donations received to the blood bank. Component 2 is the addition of the previous day's remainder added onto the new stock of the day. If the system is in the first day, the remainder equates to 0. Let R : Represent the remainder d : Represent a day b: Represent a blood type
where d ≥ 1 WB units are considered a perishable commodity due to its limited lifespan. The WB units can be frozen to prolong its lifespan; however, this adds further costs incurred by the blood bank. This study neglects the use of frozen WB units, and sets expiration of these units to 30 days. This implies that a WB unit will be discarded if it is not used within 30 days of its first entry into the blood bank. The following algorithm states conditions that must be satisfied in order for expiry to occur. It is unlikely for expiry to occur when the daily demand and supply have similar levels or the daily demand exceeds the daily supply over a period of days, if this phenomenon occurs then it is unlikely for a unit of blood to be on the shelf for 30 days.
Algorithm 1 only occurs after day 30, due to WB units having a lifespan of 30 days. Therefore, it's impossible to have units expiring before this time, this also allows the implemented system to be more efficient.
D. IMPORTATION OF ADDITIONAL BLOOD UNITS
Importing additional blood units to meet the demand in a day results in added expenses incurred by the blood bank, logically minimizing importation results in lower expenses and utilising resources more effectively. Two conditions have to occur before importation can take place, these include
• Demand exceeding supply in a given day.
• Demand still exceeds supply after additional blood units are pulled from compatible blood types. If these two conditions are satisfied, only then can additional blood units be imported from external sources. In theory, importation should have higher levels in the first few starting days of a planning horizon, once an accumulation of certain blood types occurs, importation starts to decline.
E. BOTTOM-UP TECHNIQUE
When the WB units on hand cannot meet the demand for a day, additional units from other compatible blood types are used. Each blood type must fulfil corresponding requests before distributing towards other compatible blood types. The bottom-up technique relates to a system which pulls from compatible blood types. Therefore, it can be established that the remainder from a day is then split according to the number of possible compatible types. By implementing this technique, the blood bank will reduce importation of blood units, and hence utilises its resources more effectively. There can exist some medical cases which require the patients specific blood type, however this study has chosen to ignore this occurrence.
The process of pulling blood is conducted according to the order blood proportions in South Africa ( Table 2 ). The higher the proportion of a blood type results in that blood type distributing first. For example, if A + to pull from additional units, it would first pull from O + blood which has a proportion of 39%, if the demand is still not satisfied, more blood units will be pulled from O − and finally if the demand still exceeds supply more units will be pulled from A − . After conducting the bottom-up technique, if the demand still exceeds supply, then additional WB units will be imported. The act of pulling from compatible blood units in this manner tries to maximize the storage of blood types which have the lowest proportion (have a higher rarity). More common blood types also have a higher percentage of re-supply. 
F. INDIVIDUAL REPRESENTATION
Due to the limited number of different blood types in humans, it is therefore possible to create a finite individual of size eight (eight blood types) with each segment in the individual of a type doubles to take into account a relevant value for supply, demand, importation and expiration. The following figure represents a typical individual.
Each segment from Figure 3 stores a value which is calculated using the blood proportion percentage found in the South African population. By storing each value in a separate location, this allows the manipulation of the individual in later calculations. For example, with reference to Table 2 and Figure 3 , if the supply for a given day was 300 WB units, it would be possible to split the original value according to the proportions for South Africa. Using this method, blood type A + is allocated 96 units, A − will receive 15 units and so on, until O − is finally reached, and will receive 18 WB units. These blood units are then represented using Figure 3 , which can be used for further processing at later stages. It is important to state here that all the five algorithms including the demonstrative algorithm, that is, the SOS and the other competing four algorithms, namely, GA, PSO, DA and DWO, make use of the same solution representation scheme presented in Figure 3 above to implement the BAP.
G. SYMBIOTIC ORGANISM SEARCH ALGORITHM
The SOS algorithm simulates the interactive behaviour of organisms within nature [31] . A notable advantage of the SOS algorithm is that it does not require any specific parameter tuning [32] . The search is broken into three main categories, namely, Mutualism, Commensalism and Parasitism, each of these phases alters an individual(s) within a population attempting to obtain a better solution than its original representation.
i. Mutualism: Organisms interact with each other in a way that benefits both parties. Let Xi and Xj represent 2 random individuals within a population, and MV represent the Mutual Vector.
where: 
end if 8 :
swap host and parasite segments.
10:
end if 11 :
do not replace value.
13:

end if 14: End
The value obtained from (X best − MV ) tries to increase survival in the population, with all improved individuals replacing the original individuals. The Fix function is used to transform each of the three basic SOS update phases into integer variables. The Fix function for example in MATLAB, rounds up each element of the real variable X to the nearest integer towards zero. A similar approach is adopted for the compared algorithms.
ii Commensalism: Organisms interact with each other in a way that results in one organism benefits without harming or altering the other organism. Selection of two organisms is done randomly from the population, and have their fitness values evaluated, the fitter individual is labelled as X i and the inferior individual is labelled as X j .
X i benefits from X j by means of(X best − X j ) (17) iii. Parasitism: Organisms interact with each other in a way that benefits one organism (parasite) whilst harming the other organism (host). To evaluate a form of parasitism for the BAP, two individuals from a population are randomly selected, with each of its fitness values evaluated similar to the commensalism phase. Following the evaluation, the fitter individual is labelled as the parasite, and the inferior as the host. The parasite then swaps segments of its representation with the host only if the value (from the host) improves its original solution. The values for both the host and parasite are matched against the demand for the day (per blood while stopping criteria is false do 6: for i = 1: n 7:
Calculate fitness of each individual organism (blood types) 8: X best = individual with lowest fitness 9: end for 10: //Implement the three SOS interaction phases 11: Mutualism phase mentioned 
18:
end if 20: if (diff 1 < diff 2) 21: swap host and parasite segments.
22:
end if 23 :
25:
end if 26 :
if (fitness (Par) < fitness (X best )) 28 :
end if 30: end while 31: Return X best 32: End type) in order to infer a better value. Algorithm 2 illustrates the parasitism procedure; the algorithm was tailored to incorporate the BAP with the parasite returning the best solution. Algorithm 3 represents the general implementation of the improved SOS algorithm with the modified parasitism process steps presented in algorithm listing 2 above. The improved SOS algorithm incorporates the three basic SOS algorithm's phases (i.e., points i, ii and iii) mentioned earlier to implement the BAP.
IV. PARAMETER SETTINGS AND DATASETS
The following parameter configurations were used for the implementation of the SOS and four other metaheuristic algorithms that were developed to compare and validate the performances of the proposed SOS algorithm. These algorithms include GA, PSO, Duelist algorithm (DA) [30] , and grey wolf optimizer (GWO) [33] . Each of the algorithms were implemented on Intel core i5 CPU with 2.5GHz and 4GB RAM and Windows 10.0 Operating system, while the implementation software is Java. Furthermore, all the five algorithms' control parameters were executed under the same experimental settings and conditions so as to prevent any form of biased comparison. Due to problem of space, interested researchers are referred to the associated references provided above for the respective algorithms' detail implementation model.
• GA: Iterations = 1000, Population size = 50, Mutation rate = 30%, Crossover rate = 20%, Regeneration rate = 50%
• PSO: Iterations = 1000, Swarm Size = 50, c 1 = c 2 = 1.7, ω = 0.715.
• DA: Iterations = 1000, Tournament size = 50.
• SOS: Iterations = 1000, Organisms size = 50.
• GWO: Iterations = 1000, Pack size = 50. As aforementioned in Section III above, the study conducted on the blood assignment problem uses stochastically generated datasets since real-world datasets were not available for use. It is noteworthy to mention here that the dataset used for the implementation of all the five metaheuristics follow similar trends as to what is obtainable in the related literature which has solved the same BAP problem [1] - [3] .
In addition, the datasets use percentage bounds in order to randomly select a value. The bounds however were adapted from the studies conducted in [1] - [3] who all used the similar percentage ranges for their randomly generated datasets. It is equally important to mention that the current study tries to reduce randomness when stochastically generating values for datasets, and to the best of the knowledge of the authors of the study, this approach has not been employed on this problem before. More so, the new methods proposed in this paper also did explore other novel method with regards to data generation that incorporated an aspect of South African statistics and percentage bound creation, as discussed in section III.B above. To easily replicate the experiments described in this paper, all the raw datasets are provided as supporting documents.
As mentioned previously, datasets were generated stochastically as real-world datasets could not be attained. As such, previous work done by [3] , [12] , and [13] constructed datasets using ranged percentage bounds and subsequently randomly selected a percentage between the bounds. This study also adopted the same principles and used a random number generator (RNG) in order to generate the datasets. The datasets were run over a course of one year (365 days) and generated values for supply and demand of WB units. The blood bank can also experience certain situations which it must deal with, for example, the demand for WB units could exceed the supply or vice-versa. Below is a table illustrating the demand ranges followed per dataset. The following table lists the different datasets used for testing each metaheuristic algorithm. Note that SAGV represents South African Generated Values.
TABLE 7.
Representation of the datasets 1-6 used in this study of the BAP.
In accordance to Table 7 , the following offers a more detailed explanation relating to each dataset, and the purpose for using those specific percentage bounds.
i. Dataset 1: Dataset 1 was regarded as the control dataset which was used as a comparison to other datasets. Previous literature pertaining to the BAP used similar percentage ranges and initial blood volumes, therefore it seemed appropriate to evaluate the metaheuristic algorithms with these amounts. ii. Dataset 2: Apart from the different metaheuristic algorithms that were implemented to work the BAP, the current study also incorporated a unique method for generating demand based on South African statistics (Section II.D). Dataset 2 represented this ideology and attempts to minimize the stochastic nature when randomly generating values for WB unit demand. The SAGV illustrated in Table 5 correlates to percentage bounds indicated in Table 7 . iii. Dataset 3: The blood bank can face a situation where the demand for WB units heavily exceeds the current supply on hand. Dataset 3 tests this scenario, and it was expected for the importation levels to increase radically in order to satisfy the demand. More importation results in a greater expense being incurred by the blood bank, therefore dataset 3 tested how well an algorithm coped with a higher demand level. iv. Dataset 4: Dataset 4 tests the opposite of dataset 3. In this scenario the blood bank faces an excess supply of WB units with minimal demand. It would be expected for the expiry levels to increase as the more stock of WB units will remain on the shelf and not be used within its lifespan. This also incurs additional expenses by the blood bank and implies that the blood bank is not utilising its WB stock efficiently. v. Dataset 5 and 6: Dataset 5 and 6 are a replica of dataset 1 and 2 respectively. However, these differ by means of initial WB volume being 5000 units instead of 500 units. This dataset examines how well the metaheuristic algorithm copes with larger volumes of WB units.
V. RESULTS AND DISCUSSIONS
This section presents the numerical result of the proposed SOS for the six different datasets used to conduct the experiment. Furthermore, to validate the performance of the modified algorithm against existing state-of-the-art algorithms, four other population-based metaheuristic algorithms were also implemented and each improved with the same blood assignment policy as was the case with the SOS. Therefore, two sets of experiments were conducted and reported respectively. Table 8 represents the average results obtained from the implementation of the SOS algorithm for supply, demand, imports and expiry, across the six categories of datasets over twenty (20) replications. The main emphasis relates to both expiry and imports as these aspects correlate the objective function of the proposed BAP assignment technique. Overall, the SOS results presented in Table 8 show low levels of importation across the majority of datasets, and with no form of expiry. An important factor relates to stock-piling. Stock-piling is a phenomenon whereby the amount of supply gradually increases overtime with normal levels of demand. The act of stock-piling is largely contributed to the remaining units from a day being utilised in the next day (following the FIFO assignment model). Whilst stock-piling reduces the levels of importation, it does expose the blood bank to possible expiry, but due to the lifespan of WB units being 30 days it is highly unlikely for a WB unit not to be used within this time period. Figures 4 to 9 give an indication VOLUME 7, 2019 as to when the stock-piling event occurs. It is important to mention here that the quicker this happens, the fewer would be the importation of the WB unit. Similarly, the following figures illustrate the results attained over 365 days period for each dataset used to test the improved implementation of the SOS algorithm. Figure 10 represents a line graph which compares the demand values generated using the 25%-75% percentage range and the percentage range that was created using the SAGV. Furthermore, with reference to Table 8 and Figures 4 -9 , the results indicate that the improved SOS algorithm coupled with the blood management policy achieved good results in terms of having very low importation levels and no form of expiry across any of the datasets. The results also show that stock-piling occurs at an early period within the time frame which supports low importation levels, but opens the system to possible expiry. However, this phenomenon did not occur due to the 30 days lifespan of WB units as well as the FIFO issuing system. It would be unrealistic for any WB units not to be used within the 30 days time frame, unless demand was extremely low. As aforementioned, stock-piling is a phenomenon which can almost eradicate WB importation, depending on how fast this event occurs. For most datasets, stock-piling occurs at a relatively early period (excluding the case of dataset 4, which tested demand levels greater than supply levels). However, for much rarer blood types, stock-piling does not occur as the levels are simply too low to start accumulation. A more in-depth look at Figure 10 reveals that the SAGV has periods where demand is low and high, this supports the claim that demand for blood has a monthly trend, unlike the 25%-75% bound which is merely random throughout the time period. Using SAGV also results in lower averages attained in terms of demand (as shown in datasets 1 and 2 in Table 8 ).
A. EXPERIMENT 1: SOS SIMULATION RESULTS
The studies conducted in [3] , [12] , and [13] used constant percentage bounds ranging between 27% -75% in order to generate values for demand. These bounds were used across the entire testing range of 365 days. The current study allocates specific percentage ranges to each month with the aim of generating more accurate demand levels in accordance to the South African monthly public school terms and public holidays. Ideally, the best source of generating demand percentage bounds would preferably be statistics based on actual demand for WB units within South Africa. However, these statistics was not available. For easier identification, ''Demand (25%-75%)'' represents demand generated using the constant percentage bounds between 25% -75% and ''Demand (SAGV)'' represents the SAGV for demand. The average demand generated using the Demand SAGV is lower due to the varying percentage ranges, each month is exposed to a very low percentage bound, which in turn reduces the overall average, unlike in the case of the constant percentage bounds (27% -75%), which have a constant percentage range. Figure 10 depicts the demand curvature for the SOS implementation for the two different percentage bound generations. Although the statistics used in generating these demands are stochastic, its provides some form of stability which can be improved upon and makes the current study replicable. Furthermore, the implementation of the Demand SAGV technique, shows prospect in reducing randomness in generating demand values which in turn provides more accurate results, specifically for the BAP, which has real-world datasets information which are not publicly available.
B. EXPERIMENT 2: COMPARISON WITH OTHER ALGORITHMS
To validate the performance of the proposed algorithm, the current study implements four additional populationbased metaheuristic algorithms for the purpose of evaluating the robustness of the SOS. Four evaluation metrics were used to determine, among the compared algorithms, which of them is more suitable and superior for solving the BAP. These metrics include, average importation results denoted by ''AI'' and percentage proportion of importation per blood type is denoted by ''PI B (%)''. Tables 9 to 14 present summaries of the average and percentage proportion of imports evaluations of the five compared algorithms namely, GA, PSO, GWO, DA, and the proposed SOS. Each of the algorithms were evaluated using the six datasets described in Section IV above. The results from these tables clearly show that the SOS recorded the least average solution and percentage imports VOLUME 7, 2019 as compared to other algorithms. The comparison based on dataset 1, which is presented in Table 9 , showed that the GA performed better than the other algorithms with an overall average importation of 0.04. This is closely followed by the SOS with an average importation of 0.05. The PSO appears to be the least performed algorithm with an overall average importation of 2.96. As for the percentage proportion of imports, all five algorithms yielded the same results of 2.50%. The percentage proportion of import per blood type is calculated as follows.
where: B: Represents a blood type BTot : Represents all the blood types The evaluation based on dataset 2, which is presented in Table 10 , showed that the SOS performed better than P. Govender, A. E. Ezugwu: SOS Algorithm for Optimal Allocation of Blood Products the other algorithms with an overall average importation of 0.03. This is followed by the GA with an overall average importation of 0.23. The PSO still appeared to be the least performed algorithm with an overall average importation of 1.15, although with some sign of improvement compared to its performance in dataset 1. As for the percentage proportion of imports, all five algorithms yielded the same results of 12.50% with the exception of the GA that has a result of 0.02%.
The evaluation based on dataset 3, with a summary of computed results presented in Table 11 , clearly showed that the SOS performed better than GA, PSO, GWO, and DA, with an overall average importation of 0.49 WB units. This is followed by the PSO with an overall average importation The comparison based on dataset 4, which is presented in Table 12 , showed that all the algorithms performed fairly well, with each of the algorithms recording an overall average importation of 0.00 WB units and the same behaviour was equally observed for the percentage proportion of imports, were all of the five algorithms yielding the same results of 0.00% percentage proportion of imports. No form of importation occurred due to the higher percentage bounds for generating supply as compared to the lower values used for demand. Furthermore, the act of stock-piling coupled with large supply percentage bounds resulted in stock-piling occurring at a relatively fast period within the time frame, and thus eliminated any form of importation.
The comparison based on dataset 5, which is presented in Table 13 , showed that the SOS still maintained its performance superiority over all the other algorithms with an overall average importation of 0.08 WB units. The SOS algorithm only experienced importation of blood type AB + due to its scarcity within the South African population. This is closely followed by the GA with an average importation of 0.75 WB unit and then the DA with 0.98 WB unit overall average importation. The PSO performance appears to have depreciated once again with an overall average importation of 28.58 WB units. As for the percentage proportion of imports, all five algorithms yielded the same results of 12.50%.
For the evaluation based on dataset 6, which results are shown in Table 14 , the SOS performed better than the other algorithms with an overall average importation of 0.03 WB units, and once again only imported additional WB units for blood type AB + . This is followed by the DA with an overall average importation of 0.28 WB units. The PSO still appeared to be the least performed algorithm with an overall average importation of 23.16 WB units. As for the percentage proportion of imports, all five algorithms yielded the same results of 12.50% with the exception of the GWO that has 7.47%. Table 15 presents a summary of the CPU time consumed by each of the compared algorithms. From this table, it can be seen that the SOS consumed more computational cost as compared to the other algorithms. However, this slight increase in time for the SOS could be as a result of its exploration capability, which assists the algorithm to attain a new searching region of the BAP problem search space. Even though this process helps to prevent the premature convergence into local optimum for SOS, it does slow the convergence rate, which invariably increases the computational cost of the algorithm.
C. COMPARISON WITH RESULTS FROM THE LITERATURE
Few of the available reports in the BAP literature considered different metaheuristic algorithms for the BAP. Most of these studies followed similar problem formulation model with minor differences. In order to assess the performance of the SOS algorithm in relation to the BAP, the numerical results obtained by the SOS is compared with the results obtained from the related literature. Due to the difference in style of data generation and experimental configurations, it was impossible to compare the results of the proposed algorithm with some of the existing literature results. However, the results presented in [3] and [12] are investigated for possible comparisons with the proposed SOS algorithm. Although each of the reports in the existing literature implemented a different metaheuristic algorithm, both employed similar blood banking structures and assignment policies to solve the BAP. Therefore, their respective implemented algorithms that produced the best results are subsequently identified and compared with the proposed SOS algorithm.
The first comparison is based on the work presented in [12] , which implemented 7 datasets, but dataset 6 and 7 will only be examined as the time period lasted for 365 days and are identical to the time period of the datasets 1 and 5 used to implement the SOS algorithm presented in the current study. Moreover, the datasets 6 and 7 implemented in [12] used the same percentage bounds range of between 25% -75% for both demand and supply, but used an initial volume of 500 WB units in dataset 6 and 1000 units in dataset 7. In addition to using a similar dataset, these also implemented a PSO algorithm to solve the BAP. The datasets could be compared to datasets 1 and 6 in the SOS study as these are similar with regards to parameter configurations. The results presented Table 16 show the average results obtained for the respective datasets, namely, 1, 5, 6, 7.
Comparing the results from the two studies, it can be seen that the PSO algorithm proposed in [12] produced much larger average solutions for these blood types with a total average of 1.8 WB unit import, whilst the SOS algorithm recorded an average of only 0.4 WB unit import. The drastic difference can be attributed to SOS utilising the previous days remainder of WB units, which was not considered in [12] . Furthermore, it was observed that the best algorithm for dataset 5 was the SOS algorithm, as it incurred no importation except for blood type AB + . The study in [12] displayed a total average of 5.46 WB units. Overall the comparison between these two studies has justified that the act of using the previous day's remaining WB units to treat patients greatly reduces the levels of importation.
The second comparison is with the study presented in [3] . The dataset 1 in [3] used an initial WB unit volume of 500 units and percentage bounds between 25% -75%, which can be compared to the current study's dataset 1. Likewise, dataset 3 used a larger initial volume of WB units (2000 units) with the same percentage bounds as dataset 1, and can therefore be compared to dataset 5 of the current study. The average results obtained in [3] were calculated over a period of 90 days with blood type O + and O − recording the largest average importation levels. The SOS implementation in this study out-performed the HC algorithm, but did experience higher averages for blood types B + and AB + as compared to the results in [3] . Furthermore, the dataset 3 in [3] used an initial WB unit volume of 2000, but still produced much larger averages as compared to the SOS algorithm in this study. In [3] , the blood types AB + and AB − results recorded no form of importation, whilst the proposed SOS algorithm incurred imports for blood type AB + . This could imply that the HC algorithm performs well only for types AB + and AB − when exposed to larger WB unit volumes.
Summarily, an important aspect of this study for the BAP relates to the random generation of demand values. As mentioned earlier in Section II, this study incorporates values which conformed to the South African public holidays and schooling terms (which in turn points at South African social behaviour). In reference to Figure 10 , the graphs illustrate trends in demand levels. When using a fixed percentage bounds (25-75%), the demand levels are stochastic which should not be the case, as the demand for WB units should have higher levels during certain periods in a year. The introduction of generating demand using unique percentage bounds allocated to each month managed to successfully give a more accurate reading for demand levels. Due to the fixed percentage bounds being constant throughout the time period, and the SAGV demand generation having much lower demand values at certain periods, the overall average of the fixed percentage approach is much higher in comparison to the SAGV approach. Even though real-world data could not be located, the ideology can be expanded upon in future literature with blood management problems, or any other perishable inventory problem.
D. FRIEDMAN TEST STATISTICS
The Friedman Test was performed to further demonstrate the superiority of the SOS algorithm over other competing algorithms. The ranking results obtained from the analyses of the average solution of datasets 1, 2, 3, and 5 over 20 replications of the algorithms runs is presented in Table 18 . The test statistics show the comparison between GA, PSO, DWO, DA and SOS. However, analysis and interpretation of the Friedman's tests performed reveals that there is a statistically significant difference among the evaluated algorithms with the test rendering Chi-square values of 23.01 for dataset 1 evaluation, 14.46 for dataset 2 evaluation, 20.80 for dataset 3 evaluation, 22.91 for dataset 5 evaluation, and 9.32 for dataset 6 evaluation, which were significant (since p < 0.0001). The mean rank presented in Table 18 clearly shows that the SOS performed better than all the other algorithms for the five datasets considered with the exception of dataset 1, where the GA outperformed the SOS. However, because the Friedman test does not exactly indicate specifically where the differences lie, an additional Post hoc analysis with Wilcoxon signed-rank tests was conducted with a Bonferroni correction applied, resulting in a significance level set at p < 0.0125. The Friedman test with post hoc tests results show that the modified SOS is still the overall best performed algorithm with (Z = 14.46, p = 0.001), and is followed by the GA and DA., while PSO appears to be the least performed method.
VI. CONCLUSION AND FUTURE DIRECTION
This paper proposed the implementation of SOS algorithm for the BAP with the objective of minimizing the total amount of importation and expiration experienced by a typical blood bank. The stochastic datasets generation for demand values used to implement the SOS algorithm employed a model that took into account the South African public holidays and school terms in order to generate more accurate values. The proposed algorithm produced the best results with little or no importation across all datasets. The superiority of the different algorithms compared in this paper were validated based on how quick each algorithm began stock-piling. Stock-piling enabled the algorithm to incur fewer importations, and due to WB's life-span of 30 days, expiration was unlikely to occur. Expanding upon the aspect of expiration, none of the metaheuristic algorithms experienced this scenario due to the first-in-first-out issuing policy. It must be noted that the worst performed algorithms were the GWO and PSO. The GWO and PSO found good solutions only on particular days, but experienced very high levels of demand at random periods, and could not sufficiently stock-pile adequate levels of WB units over a period of time. With regards to GA and DA, these algorithms also produced satisfactory results, which were very close to the SOS algorithm, but they simply took a much longer time to experience stock-piling, which in turn raised their importation levels. In terms of computational time, most algorithms experienced running times exceeding 60 minutes, except for the PSO algorithm which was much faster averaging less than 10 minutes per dataset. Even though stock-piling drastically reduced importation, some blood types (mostly the rarer blood types) still experienced importation. It must be noted that the blood types with a higher rarity may never experience stock-piling within the time period.
In line with the given objective function, the BAP would be deemed as efficient if the total amount of importation and expiry is minimized. In terms of expiration, this was achieved with the SOS algorithm. However, as a general consensus for all of the implemented algorithms, in the early days before stock-piling occurs the level of importation would be much greater due to the algorithm finding the best possible solution. In terms of computational time, since the early periods of each implementation often found solutions, the overall time was minimal, as the iteration would terminate when a solution is found. After stock-piling occurred, each algorithm started taking much longer to produce a solution, due to the fact that it was almost impossible to locate an exact solution. This further resulted in computational time increasing due to each algorithm having to reach the maximum number of iterations. More so, due to no expiry occurring in any dataset, it can therefore be established that the act of stock-piling is a positive contributor towards the BAP in this study. However, the datasets where generated in a stochastic manner with demand occurring everyday between a certain level (depending on the dataset). Cases can arise in the real world where blood units may not be used, especially over a recurring period of time where demand is almost non-existent.
Further work can consider improving upon the generation of demand values by utilising more accurate statistics for a particular country. The use of more constraints can be introduced to try and change the mathematical model, as well as using real-life data instead of randomly generated or stochastic data, for where there is no hard restriction on data collection. The following study has tried to bridge the gap between previous literature by means of exploring new metaheuristic implementations as well as trying to contribute towards the study of blood related topics and other inventory problems relating to perishable items.
